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State-of-the-Art on Video-Based Face Recognition
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» (Department of Electronic Engineering » Tsinghua University , Beijing 100084)

Abstract  Recently, video-based face recognition has become one of the hottest topics in the do-
main of face recognition. How to fully utilize both spatial and temporal information in video to
overcome the difficulties existing in the video-based face recognition, such as low resolution of
face images in video, large variations of face scale, radical changes of illumination and pose as
well as occasionally occlusion of different parts of faces, is the focus. The paper reviews most ex-
isting typical methods for video-based face recognition (especially for the last 5 years) and analy-
ses their respective pros and cons. Two commonly used video face databases and some experimen-
tal results are given. The prospects for future development and suggestions for further research

works are put forward in the end.

Keywords pattern recognition; face recognition; video-based face recognition; progress

AL A IZ A
Sl ZAEETE . NI EOR TS T K 2t
AR Je . WA DU A A 528 4 U I 42 1 45 1o
G UM B A R W R R B SCRIRL A U R R oKL B TR A A U € o A IR
. KU A BF T X T B A B RGO T  R A  BR ¢ F 5 T 1) 22— el 5E 43 R
PLRLSE T L] 24 45 U S e B TR RO A LI R NG 9 I ) A0 2 1) £ 6 e R R0 P B 2
AR [ AR 2R W R AR DAE O 9 A RAE RO AR AT FR D IR 2538 AR ) S LA Bt

1 5]

T

e H 3 - 2006-09-03 5 B A& MUK W2 H 3B : 2009-04-06. A 115 21 [ 5 1 AR Bk~ 3£ 4 (60872084) RN # F i 45 ¢ A 1 4 2 B o & 03
BLF 42 (SRFDP-20060003102) ¥ . = =, 55,1984 4F A4, 1+, EEMF R0 AR N3 %, EHT GEE/EH) - 55,1954 44, 1
L R A S 3 B ST U R TR (R A B PEAR o L R B A B e H R B2 D . E-mail: zhangyj@ee. tsinghua. edu. cn.



5 1 Fe A T A A A U B 5 0 879

R M P A DR X O B L PN AP AR 2 1 R A
B HLAS . 0 38 B g MIT, CMU™ Y [ UTUC ™ |
Maryland 210" 36 B g S 8F K200 D H A
Toshiba 2 """ H1E Py g o [ B2 B B 3h b
JIFE 2 X e T U BRI HEAT T IZ TR A
AT 7E. 4T H AT BUAT 19 B 00 [ P Ah 25 34 SR
R X Tk ER A AR U
W BT B T LI ) ARG SR F S A B AT
Br AL 2, 01 B2 R A8 T8 4 98 - A R I BIF Y A

2 ARSIk

—A~ A BT R R AR T A
I ARG A e | G AR B R R L G A R B B A
J PRI e 22 5 T NG G T L ARG R R A
TIE B2 B AF 5% 20 88 1] A2 2% 55 SRR 1-3 . AR U
S G HE T IR B BG RS F 5E a0E J

S PU0 R) R e SR B A (D g 5
F10 e L PR 3 R0 e G 0 A 3R 1) s 6 ik
s i — 1 ANgiE 24N BT ER A
G TR0 20 R R A CRE D) — 1k A PR AR
N B30 T 00 A7 3R 00 08 U P 1% b i I T 3 T
TR 0 NG TR 5 s 4 i A (R DD — B L fifi R
6 KA 128 100 A 1 53 B S A P i B S S
AT A B 1] 3 S 15 8, 5 [ A mT DA AR R FH 22 1 T
G CoF I] b AN — 7 7 20 A Ry i A (R D 64T 0531 5%
B E. PR 4% B T BT AR R A R D RS
B P AS TR NI 50 BT DA A i 3 1 B R 1)
4 P AE L.

R 1 BANEDMBFEERRERTHARRIRS

YLRE
Bl e R (IR B B i
B CE D BB P15 45 (22 1R 1B 150 P& 18- 1L 3t
B A (D #UB S-S (2 iR 5O LA F A

F RS (2 R 5O 7 IR B = A%
EWIDE S I SR DN a1 a0 R TR SRS
NG TR 8 M)A PRAS A D il A SR AR
B AT U S . 38 R R N SR TN
g B AR B R R AR SCHE 3 A 48 110 3 T A A
I PR J31) 32 R A T AR 0 . B R PR (2
P80 NG AR R AR A3 G TR -
B (MR E GO 7 NP 18 i A (B D — B N
RIS 5l A 2 A 531 i i
LA BRI R 2 A A RRCHE T R A A A
AT N IR PR ) B 58 TE. AR X T RT3 g A

- RO AT LA 545 B i % U
AL AR R B AR 20 ] — A AR 1]
8 AR NG 7 IR ] 0 255 ] ) 3 P ) TR
A IR = 2 (3D KA R 28 i i R Y 2 AR 30X
RO I H R T AR AE XA R TR 45048 1 F
FEIURA — A ZE W BRI X A R B0 1Y
IR 5. S5 B R B0 T AR TR0 SR Y B8R
AT LA SR A [R] A 40 0 8 i A N B A7) 14 Ak PR
$e HEEBIOHL I AR /N V285 T IR B2 28D S BC— 5Kk A
Ji6 1 8 ) T ) A7 0 AR AT AR P T Ak TR R Y
NI R R A.

AR SCE ok BRI BEEE T AU N I R B 5 B
ARPBEAT T80 M A THe /N4 T H A
N IS Bt P RIS B 4 2R L B i R B T RO e e 7
li). AR SCAB B L 2845 51 AT 5 e AT i SR G F)
7B X AR R R IS A E 7 R 2 L SCHR[23-24 1,
X R NS 1) 2 57 1 43 AT 2 DL SCRR (25 .

3 E T AR

AR b — e T 3 T A KR
) e B - P A5 C 2 R TR 450 7 N B 03 A R A
ALAI NI R 9 A A D0 70 30l 45 T 2R R
3.1 “ME-EK(SEES T ARIRA

LI B CZE E GO 7 R R AR R N
e ML DAy i A (A 380D 78] T e L P AN G 0 o sk
AU s e i T B B R A K 12 R R
L P A NS 30 A2 ey 52 2 R0 R A0 o 1)
RS 2 A A TR R B B Y A PR
[ .

fift VR 3 6 T R 1) A% 9 A0 0 AT A G R
R s — TR i AR R A N AT R L T R
B RN CHN R /N V2 3 0T B2 258 ) 1y N P 15 2R
Je M 2 T A AR A NI U T . IR TT kY
R LU AR E R S I HL AT Fe R BR B A A
IS R AR H A s 8] R 2 (8] 5% 2215 B 73 — 2607 IR
RGN PSS X RPN A AT RS BUR R (PN
Hh g — i N 0 o K SR TR R
NI RO 7 3 R 2% Al R Ul 2 i
SEECE LR /B S0 A T ) AT R &R .
3K 27 W ) Bl SR I R DU A 2 R BB

LA R, — BEHE T T b A AL R S
A 1 2= ) 2 25 6 64T 0. SCHRC 10 1338 1 7E D
34 BLIE AOAE 2R R 58— A ke A8 §H 001 0 B2 ) A
>R FHARF ] e ) A6 50 220 i N Iz 1) 3l 25 78 AL 8 B 4y 2%



880 it (= . 2 Eitd 2009 4

R 1IE Bl Ok AR D AR A AL A AT 5 | 2 i i) s 8] (1 b3 T 3k v R SR T DL S B 5| T I (]
F R FIH BT 2 R BE (Sequential Importance B ARCORMIER R T IR B, I HR ALy 5T 205 R A
Sampling, SIS) {77 i ARG THHE By A s gl sEIRAE w0 A AR e A G ok (9 ME UG THE R
KA BB R BB R o A il A SR U B 0y R A0 R R T R T R R T
AR I BER I A LI ZE R R TS E A AL HOHHA R HLBOR.

AR LB R R 570, Z AT LA % 3.2 “SR-R AR IR Bl

A A PR S5 AR 1 D PR 2 B T 32 2 1 ) ) T A AR NS TR ) 2 A i A AR 7R TR
WAE NP — 2 bR E L BRSNS LAY B 2UA7 7. R 39 STk 447 [+)
FEOMLA IR AL N SCER 1L BE— 2B 5 i T AT R AR 12 ) R A BEAT T TR A BT
F 185 NS AR AR R I HoR A& s SRR E 5. BT SCRR oG SRR AR B B il 3 O X A6
A B ZS YA AL X as SR p I A T 22 R SR R T LA

SRAFERE TR R T RO A 1T AR5 3 A UL AR Y 1% 2% (D) FIF — i A 2= 1 09 BSRS89 R 1iE Ok &
PEAT BT L ok & #8 4031 2% (robust statistics) &b P ™) S W FE L 4 AT (PCA) B4t 5 1 2K 555
JIG: 08 3 4 ) AL, ) 3 T U0 S ARG R T vk (2) FIH Fir A7 AR A% 20 1 R AE CRERE 2R 7R ), T
{BISR oR BCHE A T A B T ol A5 N B30 T i 4K FRAE 25 0] 7R 9] Cexemplar) 45 5
SCHRE31-32 ]38 1 X A A A 800 H AR 1 Gz 3 o (3) I FH HE 22 9% B R 250 2 i A0 000 b i B 43
AIE B8CA UL ) R B AT A 3 k. A VAR L R A7 o 0 v S A T 46
TE A R AN ORI B3 2 b 2 36 ) ARG S U R B2 (4) F) FH 2l 2555 78 Z1) 1o R 450w N RS i B (1] 1) 2
LI A — 05 T 40 SR R AN TE B 0 B A D) R R AL W FR /R AT J A Y 4
B0 B A AT R DL 1 R A R R 2 R T 1 ) (5) F A i JE (manifold) 2] i #9045 A 19 A 43
)iz 3l 9 1t oA, SR 5 BRI (— By iz 3 2 50 i 405y Be et PCA 145 ) 4.
DA A 2 TE A B . SR A S B AR 0 17 2 AL R AR R VR R S
515340 AR S B R K IR Y ) Z (8] Al fig (9 BE 4N 3R 2 s,
x2 HRAKZEANEE
A JE = PR AL
! A Qo) R HEFE OO CBARE)  BEREE ) BURE B EARLD) CBIRE B (M CBEE 1B
Tt (x) d(x.x) d(x,X) 1i¢3) D(x) M(x)
% (XD d(X,x) d(X,X) F(XO D(X) M(X)
HE 5% B2 () o (X0 dCf.f \ \
BRI (D) D(x) D(X) \ d(D,D) d(D,M)
W (M) M(x) M(X) \ d(M,D) d(M,M)

F 2 vp d AR WA BT 22 18] (1 B B E A LB JE TR A G 56 I 5 % . R I AR A — kb g
FOXO , MOXO P FEE R /HE 5 Bnek 28 % =, D(X) () I 4 A LA 8 ( Active Appearance Model, AAM)

AR WG T . K FeTR AR 38 A 2 OAE B A Bk 4 M 4 T Ay

T R AR O AR R L R 5L GH #r (Linear Discriminant Analysis, LDA) 435 i} &
e MR B SR B 5 /N g T A A 9y 72 1 Cidentity) FH At 48 A6 P R CLA OB IRI 3R
.21 & & ). Ok AR /R 2 B i 2% (Kalman filter) %t & £ 75

I 5% S A Sy i A A 2 R A AR R HEAT B RS B A AR (2 B i R Al T L AR
A1 75 3 — 4> 52 A AN 00 4 1 Cn 35 0B N B 6 GIE g AT LA 38 3 %o i A RS A A T B B A 2] G A
FIG  focff 1 1E T R 56D MR AR (R 380 AL T RVECHE PR A5 20 1 B Al T i R AT LU B JE B K
I P25 T A R A0 3 T X AT DE R B0 P R A FHA BER L. 5 3 T # 1k R 09 S 5630 )y
G R0 1) 5 3 7 2T DA AR o I R L sl SR A B« R 3 T A 0 NS 56 R R 2 1S
LI B R B B R ASM(Active Shape Model)

SCHk (33 ] 6F B4 5 b i) B 2 NG o — A IEAT A 0 T DA G 1% M A OR 1 5 . (2 —
PCA T2sal MU S &AM o5 m s st A Ho@ A E WX 4% (10 2 808 i 4 7 AR 1R K iR
PR ) BT A AN A7 4 1. SCHRE34 1048 1 — Fib 2 FECRB R . I B TR B AR E T



54 Fe A T A A A U B 5 0 881

AT B TE vk 3 A A 3. o5 — A B L aE 29 R
9 N R B AR R O 9 T D SCR35 .
3.2.2 4 [

S P BEAE Sy faw A48 O Sk A7 AR ) i 5
AT LA Ay B 2, — 252 R A5 3 A9 RRAE O I
7)) B 5 HAE B By N R ST R (A Y
T IS R B ) — AT B — 2D AR JE A 2 Bk
SEECE AR (BE R R e Ky s AT R0, 55—
e Ie FEAT B Y FRAE R M L5 B S — > AR R
JE g A A 3R O AT H AL A R T R T —
2 J5 3 R AR I A Sy R A T R R P R0 19 5 [ 3%
S5 B B e v I AT B 3 O AT DU R A
L MR B AR P AR

SCHRL36 15k F SR PCA J7 30047 e 4, AEAR 4
23 6] Hp R AR & B PR A (Gaussian Mixture Model,
GMMD) e 78 Bt 128 v B A . 3 2 1 58 g AR
T R — A 1 05 ME 3R L SR T 22 AR SR AR R
S K1 T A B e 45 3% SCHR 037 o $cdis
1) B2 N 57 22 1> DG FCASE AR, I AR 4l A3 o 1Y 3
AIE R G AR %345 18 S BRI 48 X 2 4> 1A
A7 38 N A Rl SCERL16 0T i A B TR 7 37 A0 g
I 2 i N5 91 43 3 g S — > PCA RRAiE+ %5 1]
AR AE T 25 18] 22 [6) 9 1R B8 | e A1) =2 [B) Y 2 A
BN T LB R RGN T
25 ) 51 BT 4 5% B IR 1 + 25 [4] (constraint subspace)
v, B 2SR A S R A R (B
PIOET L T i e R ] 4 R) T R AR AR Y )
W, gt — 25 F| ] 8 K 2% 3] (ensemble learning) Y J7
BNt M A BRI 25 8], 58 o 4 Bl M AN R
il 7 2 18] i BE 2 i AR AR Sy NI 22 Ta) B S i B
WU OB B TR IR KA
I P B AR M 2R 43 A1 L T R B — 25 0 4 RN RRAIE
{8 7 $ 52 2 BRI 23 9] B AT BE 23 77 A — 2 1 [m) A
It H S 800 B8 F 2 0] e 4000 iy Bl i 2 25 .

BT AN LA DI RG2S i) S ARk
A3 s SCHR 38 JHE 2 1k 2 1) H i aok A% 1) Ty 1ok e S5 )
2 Y AE 4 23 ] (B Hilbert 25 [8)) , 75 & 4 25 []
PRSI A R 32 143 32 £00) AE A 58 I G AR LI B
JF H A IE & ) 8% o8 B0k AT LL AT SVM (Support
Vector Machine) 45 & i >k $2& &5 43 25 09 P 8. STk
[19-20 ] 15538 i LDA #4721 B 4k, 28 )5 X &4
N BN A8 5 R B s Ak B R B K Rk
B K A 2800 A 20 TR 2 o R R AL E
k. g % EMD(Earth Mover’s Distance)
HE B A S AR DL B S R AT TR .

SCHRE39 ] 3R 28 1 5 vk o Jay B S H i B
XoF A P b ) B N S 2 A R AR E . B X
BOdE e b i B BN AR 22 0 LDA 47 & 1R R
4k, i 33 K B ISOMAP (Isometric feature Map-
ping) " FEHUAS 5 A0 I 3 B (geodesic distance) /E
S NS 2Z TR) B4 B8 DT AT LA B o Aff e 2] 1 % A
T =S [ A8 G &R AR )5 >k T HAC(Hierarchi-
cal Agglomerative Clustering) B35 F 155 K 4>
7] RS A — s 49 R 28 Rl SCRR L4 1 A9 J7 25 % 4 4>
JR) FR AR IR 4 <7 A - 23 [A) (dual subspace) M 245 8,
o JHARE 3 0 88 oA AR 1 B, R T 2 B SR AT
PO SCHRL6 ) 4 B NG IR A S7 — > R AE =5 [ 5F:
TR R A B 28 A R — A A B B B AL o AR
(AR BB, SR ]38 A0 S0 R AR =5 (6] 1) O 125 9% .5
HE T AL RS X B R AR A K X DR AR AR
AUEE /N 323 BB AS A S P R 25 ] L
5 U1 254 v ) RRAE 2 8] RN 3] J5 AN I8 B8 i S 1) B
R R AIE 25 [ SFe fife e ol 1 2 2 1) ) . SCHR[42-43 1R
FHESCH P v B NG A 00 75 381 = 455 780 A il A 9] A
AT AE T 16 A AL SR G B — AT LU X
K JH IR RS 2t B R Y I kA B 45
3.2.3 ME X

R I RE 284 Sy i A 3R TR 200 B A B AR S
A b N 8 3 25 A2 AR TR Tl A — 8 AR A0 A1 Y
o AE BEAIL S B — RO B P b LA R 4 A T
Je R 7 2L A Fl B M A % R e R R DL R
it N 22 () A R

SCHRLTI3 TR FH GMML R =7 o O [ 25 45 A0 Dl
S NV PN % FIPOR TANPN 5B R &
R N Tz A ) T GMIML A R E 47 85, R ) K-1L
U (Kullback-Leibler divergence) /F S A& 22 [A] 40
Rl . SCRRLS JHE A 3R 1] 8 R — MR
G 6 17 80 I BT A0 SR NI AR A s — i 2 ) 2 A
ST B DDA 30 A S A o D K-L O Rk A
AN N D 3 38 A1 SR K- 80 A Sy AR AL AR
et (H R R TR B B A A DR Ot T v % T T
DGR R B R BN 2 I IE R 5. OF B
KoL HiCRE A B S — AR XS R 14 B 6 07 2. SCRL 14 1%
FHBE T2 e 80T 15 FE A 4 2 [ e S 3] 75 4 25 6] X
FE T LATE /8 4E 2 8] vb ) FAR 48 25 1) o i 2y vk
(i PCA) R il the — i 1 52 2% i) JE 2 Mk 1] 381, >R ]
RAD(Resistor-Average Distance) 1§ & A& AH b1 1
JEBE. TR R T R 2 A R 1) U AT B Y )
LA T £ E 18 M RANSAC (Random Sample
Consensus) 535K ff e, 53 4h SCRRL44 1R T 8 1



882 it "

Hl

AL
-

i 2009 4F

J5 i A IR 1Y 5% hE A [A) i G B s 4 2k A (A
RKHS(Reproducing Kernel Hilbert Space) A1} %
WE 2R A 22 () 1
3.2.4  BhFSHIRY

To i S 55tk [ FARE 238 30 0 AT ) FH e ) 57
45 5 B LLRT DL A SR b Ak ) 3] 2 i B G Ct i)
AN B A S A B I TR Te) R T B A A
FUNU AP 7 AR 1 B ] 25 ] 34 2k A8 Ak i 05 2. RE
fi S S b 220 1 TR 1 B0 2 8 Ak R . B P R Y
R Ty AT DO M B SRR B

SCHRLL10 2R A 3. 1 1 TR o 4 B A SR AR 7Y, 5
it A B A A R B (FER K E RIS,
NG 7R 0 B R 5 I WA RS AR 2, R AT SIS 95
DAl T EA M5 % B A A s eSS i 2k AR
S0y AR 1 o A AT AR R SCERLT Jrb 3 Bl
ey B N R AR ] PCA 78 4 i 37 1 R AIE =5
[B) s FERFAE 725 (8] 37— A~ B 0 B 2R AT R A
(Hidden Markov Model, HMM) , i1 51| B Be skt 7T LAt
SRS T 51 0I5 o 32 4 R ARV B o, OF H Y
T B —E AR X HMM B R 58 35, SCik[12 )40
BB A\ 3R i — 1 ARMA (Auto-Regressive and
Moving Average) 58 (22 5 4F IR E = . R 4
SLAE R I 55D R H ARMA %5 1] 2Z 1] (1) 32 £ 1
AR RAE B

SCHRE8-9 TR SCHRC10 T i AR 2L, TNy 1 1% 41
P RN 25 B e ke s e/ R B Y a5 T M X TR 7
SR RS [RS8 N 1 — AR 4 o B 2tk
WIE. A 15| B [RE B R AT DL 07 4 38 A 9
HENL T[] 225 22 () 1Y) e A% RE B L 2 SO B R RE 6

AR 7t Ak 3N G 7 R A E B I 174 T ) A R B2 )
A SCHkL21 T S Xt Br s i AN A LLE (Locally
Linear Embedding) [ 4 J5 @ 37 B (4 43 Be PR Y,
R 4 380 2% A~ 0 B 1 Ui B 19 5 SR D DL o 4 4 B Y
Pt R K G o e, 76 SCk (45 ] i 4 3 58 i 5L 50
ZEAG R B 2s g5 M i) HMMYY oK F — @ K
A S P0T 5 T R R R 2 B R Uy H G
AR A B Ao e s DU AS — L 3 U W IR ) K kB A
BRI R 2 — E .
3.2.5 1 ¥

NIBEFEAS TR i G BRSBTS S — 1 1y
R4t 7 (R A T 0L BT AR IR TE A6 R i A H i
A DS b 8 AR A %) 53 A — SRR B B N
K52 SR FH IR A 4 38 . L B i A TR P26 vh i T
(R AL 1 2y B

SCHRLA7-49 M T T R fife e 5 T AT 09 N e
WU a8, e T — D2 A 38 AR, 4
BT —A 3D FERL, — AN R R %2 T 56 1 B A
B, — A5 AR AR R, O A R B T T A
J 3 5 fe /AN SR bR R SR il BB 1 S 8. FE AL
A 51 vz ) ] DLk — 2P AR F ) Kalman 3§
BOR AR OB RSO, N 803 8 KDA (Kernel
Discriminant Analysis) 4 J5 % 284~ A6 7 41) 8 57
— N B WE (FRIE R A LA,
e ] LLGE 1 Bb B 14 DG IE AR B E AT N B R
A ARG AT 3D BB Al T R w2 A
KRR R ERK.

BUAT SCHR H i LRSS VE B Rk 3 K.

x 3 ABPWIN-E ARIRA B T &

i A fili ik B FE v O R A FE Tk T SRk

3 PCA 54 755 ] TR d(x.X0 SCifR(33]
H LDA 45 IR A3 2] 5 Oy Fa g Al & R B d(x.x) Ciik[34]

S TR A 1R 0 A R/ MR B (X0 SCHkE35]

i PCA FEF 455 (1] FaslE g f d(X.X) SCHk[16-18]

4 ¥ Hilbert 5 Jii] #ER A d(X. X SCHRL37]

i B Kb/ K- Y R KA BR 5 EMD d(X.X) ik[19-20]

X REAS NI 1 24 Jm 5S40 . . N

ke A e LR e 7 LT [ A 5 A 78 ZHLLR SO SCHRL38)

i B P4~ PCA F¢fiE 725 [H] ZRAE d(X. X) SCHkL6]

i B 3D RIS B 1 A N B4 B 2m d(X,. X0 SCkl42]

R TR A TR I A K-LMBEEdCS ) Scikf13]

1 % B W AR A K-LMBEdCf ) SCik[5]

S 1 PCA HE 7 (1% B i i A5 7Y RAD W EE dCfs scik[14]

B A5 A TEL K 508 F 245 2R 6l KGR DX ekl 10]

Bl AR W I R W] 5k ( HMMD 51 78 KGR E# d(D, D) k(7]

AR B [ )4 ¥ 35 (ARMA) 4 57 ARMA =563 ff d(D, D) Cik[12]

IRy %] PCA 725 7] P 43 Be 4k M % KGR d(D, M) CHk[8-9]

B A5 A LLE Ff4EJ5 4 Btk WiE WK HMF d(D, M) Scikl21]

bi%iZ KDA F& 4 Ji5 5y Bt &Mk Y BB VC L d (M, M) SCHRLA7-49 ]




5 1 Fe A T A A A U B 5 0 883

3.3 I O#

25 bl LA - R (2 SO 7 R
S R AL AT NG TR A 9 ) i) R A 4

(1) oy %of i 44 14 N\ H: AR 5 4

(2) T far %o i 4t 5 1 A 3 30 0 4 4 38

(3) Ty 22 e 3R Ty 2 =2 (8] 1 J3E

I B B 2 1) R A9 3 28 38 MR ARAE (an 3
B3 43 AT 8 Bl 0 R I 2 5 ) 43 B 45 LA
WeE ALK e 2 N 5000 1% 303 5 2 Rl 353 M 7 L 1S
s BRAE PR 2 S 0L A5 R DL 2k AR R 1Y
Rt 4 7 9 I A 48 T 2 2% SCRkES 1.

BBy B % e A I i I 7 91 4 3 52U AL AR R
OV MR B A BT AR, o R T R R
T 14 5 1% 5 8 R o e N 43 A W R A A il B o
B NN 11 PR e 5 S 9K e = D2 £ B
U BE 0% AR 4 1 ) A ) [ R 23 a) A £ 6L {FR 5 A
X A A% o VIR A — AT LA R TR R AR R
i A AR T 2 32 e A R A B SRR B AL R
W 5 =X e R T2, I L AT LA 3 e ) 1 AN i 22 Y
22 i G4 B0 o (EL G ] 5 47 b 220 T 4 B 22 1) A R
= MMERPE N .

4 E RN EEER
—EXWER

H R A A G DU P 8 R I £
2 £ 35 Mobo(Motion of body) %tk ZEP* Fil Honda/
UCSD $dfi 2. Mobo 4 FE i 9] & CMU 2l T
Human 1D 381 17 2 25 0 5 10 % 45 10 85 4 . 2%
B AL 25 A NAEH AP BB DL AR [ i 7
AATHE RS FE 5. 4756 9 J7 AL 4548 AT L P
1128 RHEAT AE A BRATE . IE T AR A 5 ) B
F13L 99 Bt (— Bt £ 4%). UCSD/Honda %% FE £ &
20 SN 52 Bl A, Bl e rh i ISR A A
TRMAL 2D CF 1 W) A 3D CF- T A1) 1 3k 3 e
. 515 DXM2VTS $udis E-

X SN G 5 A0 P g ) ok s B T F
B T 2R A R A R 53 B 28 A5 i AR Ak A Yy
6B RAE RSS2 1R R D T HEE A A D
(<50 AN TovE AT RMUAEAT Ry 52 30 R PEAN 4%
=R E e

BT R 23 19 SCHR v R P % H0 80 2 A B N 2
DTy YR BN AR [R). H S 1 X5 H RS Ty gk 19 52
WA R — D EWAIAIR, R 40 T 7EM A
R I b — 2 MRy VR 0 S IR A R

R4 MUGABRYEELARFTEINIRER

ik 4 B LU 2 I 89 3 ik

PCACL B =) 87. 1% (MoBo) SCHRCA4]
’ - 89. 6% (Honda/UCSD)

90. 8% (MoBo)
LDA(Z ¥4 2 k(44

BRBR 86. 5% (Honda/UCSD) R 44]

Ty 92. 3% (MoBo) SCHRCA4]
Sl #9129 (Honda/UCSD)

B DU A S o -,
SIS ik 92% L) I (MoBo) Hk[10]
) 98. 8% (L) (Honda/UCSD)

VIS R B A kL9
BRI IMAIE 97. 8% (45 844 (Honda/UCSD) WAL
ARMA 5 %1 90 % #45 (Honda/UCSD) wik[12]
TR A v T S A 94 % ik[13]
J S 2k e A 95.62% ik 21]

5 REMEZE

A 43 T BB B R T O N I U BT 5
J. AR N R AS [R5 60 70 2 1) S il b L B A 4
T BB B L T A R U Y S 0T 1 o A R
PHE TR I5 i AP0 B AL B 4 T W A
I K A e — 4 i TR 3 4 S 2

BB B HE T A A A R 51— AR 2 AR
SRR I — > R TR OR o I B SR AR )L X Tl
M B A A 1) B A A RT A e A AR R B A
w7 Ay et AR TR F A R
PRI 5 R AR 6 T P R ) LR A A5 A A T
AP A A 3 e Ak BEU R fif e

Bt W58 B TR 6 T 9000 1 I R 001 7 5 ik
— WP AR LA -

(1) N R 1 9 8 2 o

A SCfR B a2 T BB AU R N 507
B JF HN BRI © 22 MER 52 7. {ELR 7 S B
s AR A 0 B 3R o A0 2 AR A 1 A 0 A
YR AR R A (A7 — s 1) TR XE. IR 199 5% R T
g R PN RS DS S (GPSPN: AR 6
YA RS PR NG ARG 0 A0 R AR RE V7 7 3 s b A AT
Y.

(2) Kz 14 73 9 5 T A FOEH &2 )it

ML Fy 51 Fp B N B T R 4 2% 1 Lz 3 9 52
i o N 1 8 03 3 R A EL N R M. 5 22 F 58 U
G873 WA B R R S T B AR LA B 3 ol
PR N P 5% 00 2 AR e i 5 T M B S i)

(3) Ny 3D g

LB BEHE T 4 9 A R0 05 2T DL — E AR



884 it "

i 2009 4F

JEE b i ok 2 25w AR 0 AR A ) AL RO G R —
=R RN =205 B OR M e 2 25  O I
P8 Ak T 8L ) i AR J5 5 . L B ) P A 40 5 8k 2
3D B Y A 2 BEAR R0 e ik 3k B
SR A M AR = A N S A ) A 2 JRE B e A
PG T 2 AR R S 1 — A EE 2T ).

(4 BRAI NI B3 P N 3K 2 ) o £

55 5L T Ak AR R TR AR L T R Y
NIV 1) 5 A [] R 3 AT — 0 35 2% b 2 A2
PR GE— 19 L R B 1 R AT S 50 3k 2 0 0 o
Y.V 25 SRR A 0 A0 6 S50 3 A A0 00 38 2
AR Tk AT 5k Z ) AR s — A a3k
9 L JRHILRE 9 A0 G 5 408 2 R0 s o g 000 375 3
R — A H AL

(5) ZHA YRR AR

LB BEHE T AU A A 0 33 i R A T
W BRBE 25 AF. A 2R AF T NI IR 1500 1 e 2 55
(19 el S0 A2 A (8 B R0 473 8 T e 3 3 22 DR X
20 b A W R A B v U A A RE LK R R B ST —
AH R

5

£

% X ®

[1] Chellappa R, Wilson C, Sirohey S. Human and machine rec-
ognition of faces: A survey. Proceedings of the IEEE, 1995,
83(5): 705-740

[2] Zhao W, Chellappa R, Rosenfeld A, Phillips P J. Face rec-
ognition: A literature survey. ACM Computation Survey,
2003, 35(4): 399-458

i S Z, Jain A K. Handbook of Face Recognition.

York: Springer, 2005

[3]

New
[4] Zhou S, Chellappa R. Beyond a single still image: Face rec-
ognition from multiple still images and videos//Zhao W et al
eds. Advanced Modeling and Methods.
New York: Academic Press, 2005

Face Processing:

[5] Shakhnarovich G, Fisher ] W, Darrell T. Face recognition
from long-term observations//Proceedings of the European
Conference on Computer Vision. Bari, 2002: 851-868

[6] LiuX M, Chen T, Thornton S M. Eigenspace updating for

non-stationary process and its application to face recognition.
Pattern Recognition, 2003, 36(9): 1945-1959

Liu X M, Chen T. Video-based face recognition using adap-
tive hidden Markov models//Proceedings of the IEEE Inter-

(7]

national Conference on Computer Vision and Pattern Recog-
nition. Madison, 2003 340-345
[8] Lee KC, HoJ, Yang M H, Kriegman D. Video-based face
recognition using probabilistic appearance manifolds//Pro-

ceedings of the International IEEE Conference on Computer

Vision and Pattern Recognition. Madison, 2003 313-320

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

Lee K C, Ho J, Yang M H, Kriegman D. Visual tracking
and recognition using probabilistic appearance manifolds.
Computer Vision and Image Understanding, 2005, 99 (3):
303-331

Zhou S, Krueger V, Chellappa R. Probabilistic recognition
of human faces from video. Computer Vision and Image Un-
derstanding, 2003, 91(1): 214-245

Zhou S, Chellappa R, Moghaddam B. Visual tracking and
recognition using appearance-adaptive models in particle fil-
ters. IEEE Transactions on Image Processing, 2004, 13
(11) . 1434-1456

Aggarwal G, Chowdhury A K R, Chellappa R. A system
identification approach for video-based face recognition//Pro-
ceedings of the IEEE International Conference on Pattern
Recognition. Cambridge, 2004 23-26

Arandjelovi¢ O, Cipolla R. Face recognition from face motion
manifolds using robust kernel resistor-average distance//Pro-
ceedings of the IEEE Conference on Compute Vision and Pat-
ter Recognition workshop. Washington D. C, 2004 88-93
Arandjelovi¢ O, Shakhnarovich G, Fisher G, Cipolla R,
Darrell T. Face recognition with image sets using manifold
density divergence//Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition. San Diego, 2005
581-588

Arandjelovi¢ O, Cipolla R. A pose-wise linear illumination
manifold model for face recognition using video. Computer
Vision and Image Understanding, 2009, 113(1).: 113-125
Yamaguchi O, Fukui K, Maeda K. Face recognition using
temporal image sequence//Proceedings of the IEEE Interna-
tional Conference on Automatic Face and Gesture Recogni-
tion. Nara, 1998 318-323

Fukui K, Yamaguchi O. Face recognition using multi-view-
point patterns for robot vision//Proceedings of the Interna-
tional Symposium of Robotics Research, Siena, Italy, 2003
192-201

Nishiyama M, Yamaguchi O, Fukui K. Face Recognition
with the multiple constrained mutual subspace method//Pro-
ceedings of the 5th International Conference on Audio- and
Video-Based Biometric Person Authentication. New York,
2005 71-80

LiJ W, Wang Y H, Tan T N. Video-based face recognition
using a metric of average Euclidean distance//Proceedings of
the 5th Chinese Conference on Biometric Recognition. Guan-
gzhou, China, 2004 224-232

LiJ W, Wang Y H, Tan T N. Video-based face recognition
using earth mover”s distance//Proceedings of the Interna-
tional Conference on Audio- and Video-based person Authen-
tication. New York, 2005 229-239

Fan W, Wang Y H, Tan T N. Video-based face recognition
using Bayesian inference model//Proceedings of the Interna-
tional Conference on Audio- and Video-based Person Authen-

tication. New York, 2005. 122-130



54

Fe A T A A AR U B o 885

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

Yan Y, Zhang Y J. State-of-the-art on video-based face rec-
ognition. Encyclopedia of Artificial Intelligence, 2008, 1455-
1461

Jia H X, Zhang Y J. Human detection in static images// Ver-
ma B, Blumenstein M. Pattern Recognition Technologies and
Applications: Recent Advances. 2008; 227-243

Liu X M, Zhang Y J, Tan H C. A new Hausdorf{f distance
based approach for face localization. Sciencepaper Online,
2005, 200512-662(1-9)

Srikantaswamy R, Samuel R D S. A novel face segmentation
algorithm from a video sequence for real-time face recogni-
tion. EURASIP Journal on Advances in Signal Processing,
2007, 2007 1-6

Wechsler H, Kakkad V, Huang J., Gutta S, Chen V. Auto-
matic video based person authentication using the RBF net-
work//Proceedings of the International Conference on Audio-
and Video-Based Person Authentication. Crans-Montana,
1997, 85-92

Steffens J, Elagin E, Neven H. PersonSpotter; Fast and ro-
bust system for human detection, tracking and recognition//
Proceedings of the 3rd IEEE International Conference on Au-
tomatic Face and Gesture Recognition. Nara, 1998 516-521
Mckenna S J, Gong S. Non-intrusive person authentication
for access control by visual tracking and face recognition//
Proceedings of the International Conference on Audio- and
Video-Based Person Authentication. Crans-Montana, 1997
177-183

Kittler J, Hatef M, Duin R P W, Matas J. On combining
classifiers. IEEE Transactions on Pattern Analysis and Ma-
chine Intelligence, 1998, 20(3): 226-239

Moghaddam B, Pentland A. Probabilistic visual learning for
object representation. IEEE Transactions on Pattern Analy-
sis and Machine Intelligence, 1997, 19(7): 696-710

Li B, Chellappa R. Face verification through tracking facial
features. Journal of the Optical Society of America A, 2001,
18(12): 2969-2981

Li B, Chellappa R. A generic approach to simultaneous
tracking and verification in video. IEEE Transactions on Im-
age Processing, 2002, 11(5): 530-554

Torres L, Vila J. Automatic face recognition for video inde-
xing applications. Pattern Recognition, 2002, 35(3): 615-
625

Edwards G J, Taylor C J, Taylor T F. Improving identifica-
tion per formation by integrating evidence from sequences//
Proceedings of the IEEE International Conference on Com-
puter Vision and Pattern Recognition. Fort Collins, 1999
486-491

Kim M Y, Kumar S, Pavlovic V, Rowley H. Face tracking
and recognition with visual constraints in real-world videos//
Proceedings of the 26th IEEE Conference on Computer Vi-

sion and Pattern Recognition. Anchorage, 2008. 1-8

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

[48]

[49]

[50]

McKenna S, Gong S, Raja Y. Face recognition in dynamic
scenes//Proceedings of the British Machine Vision Confer-
ence. Colchester, 1997 140-151

Park U, Jain A K, Ross A. Face recognition in video: Adap-
tive fusion of multiple matchers//Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition.
Minneapolis, 2007 1-8

Wolf L, Shashua A. Kernel principal angles for classification
machines with applications to image sequence interpreta-
tion//Proceedings of the IEEE Conference on Computer Vi-
sion and Pattern Recognition. Madison, 2003. 635-642

Fan W, Yeung D Y. Locally linear models on face appear-
ance manifolds with application to dual-subspace based classi-
fication//Proceedings of the IEEE Conference on Computer
Vision and Pattern Recognition. New York, 2006 1384-
1390

Tenenbaum J B, Silva V D, Langford J C. A global geomet-
ric framework for nonlinear dimensionality reduction. Sci-
ence, 2000, 290(5500): 2319-2323

Moghaddam B, Jebara T, Pentland A. Bayesian face recogni-
tion. Pattern Recognition, 2000, 33(11): 1771-1782

Xu Y, Roy-Chowdhury A, Patel K. Pose and illumination
invariant face recognition in video//Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition.
Minneapolis, 2007 1-7

Xu Y L, Roy-Chowdhury A, Patel K. Integrating illumina-
tion, motion, and shape models for robust face recognition in
video. Eurasip Journal on Advances in Signal Processing,
2008, 2008. 1-13

Zhou S, Chellappa R. From sample similarity to ensemble
similarity; Probabilistic distance measures in reproducing
kernel Hilbert space. IEEE Transactions on Pattern Analysis
and Machine Intelligence, 2006, 28(6): 917-929

Hadid A, Pietikdinen M. From still image to video-based face
recognition: An experimental analysis//Proceedings of the
6th IEEE International Conference on Automatic Face and
Gesture Recognition. Seoul, 2004. 813-818

Roweis S T, Saul L. K. Nonlinear dimensionality reduction
by locally linear embedding. Science, 2000, 290 (5500):
2323-2326

Li Y, Gong S, Lidell H. Modeling faces dynamically across
views and over time//Proceedings of the IEEE International
Conference on Computer Vision. Vancouver, 2001; 554-559
Li Y, Gong S, Lidell H. Video-based online face recognition
using identity surfaces//Proceedings of the IEEE Internation-
al Conference on Computer Vision. Vancouver, 2001. 40-46
Li Y, Gong S, Lidell H. Constructing facial identity surfaces
in a nonlinear discriminating space//Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition.
Kauai, 2001.: 258-263

Yan Y, Zhang Y J. Discriminant projection embedding for
face and palmprint recognition. Neurcomputing, 2008, (16-

18): 3534-3543



886 02 M S VI R - ¢ 2009 4
[51] Yan S C, Xu D, Zhang B, Zhang H J. Graph embedding and Computer Vision and Image Understanding, 2003, 91(1):

extensions: A general framework for dimensionality reduc-

tion. IEEE Transactions on Pattern Analysis and Machine

Intelligence, 2007, 29(1): 40-51
[52] Gross R, Shi J. The CMU Motion of Body (MoBo) data-
base. Robotics Institute, Carnegie Mellon University: Tech-
nical Report CMU-RI-TR-01-18, 2001
[53] Teferi D, Bigun J. Damascening video databases for evalua-
tion of face tracking and recognition— The DXM2VTS data-
base. Pattern Recognition Letters, 2007, 28(15): 2143-2156
[54] Zhang Y, Martinez A M. A weighted probabilistic approach
to face recognition from multiple images and video sequences.
Image and Vision Computing, 2006, 24(6) . 626-638
Al-Azzeh M, Eleyan A, Demirel H. PCA-based face recogni-
tion from video using super-resolution//Proceedings of the
23rd International Symposium on Computer and Information
Sciences. Istanbul, 2008. 1-4
Goksel D. Exploiting space-time statistics of videos for face
hallucination [ Ph. D. dissertation]. Carnegie Mellon Univer-
sity, Pittsburgh, USA, 2007

Chowdhury A, Chellappa R. Face reconstruction from mo-

nocular video using uncertainty analysis and a generic model.

YAN Yan, born in 1984, Ph. D..
His main research interests focus on pat-

tern recognition.

Background

This work is supported by the National Natural Science
Foundation of China under grant No. 60872084 and the Spe-
cialized Research Fund for the Doctoral Program of Higher
Education under grant No. 20060003102,

Traditional still image-based face recognition has achieved
However, once

great success in constrained environments.

the conditions, including illumination, pose, expression,
age, etc. , change too much, the performance declines dra-
matically. The recent FRVT2002 shows that the recognition
performance of face images captured in an outdoor environ-
ment and different days is still not satisfying. Current still
image-based face recognition algorithms are even far away
from the capability of human perception system. On the oth-
er hand, psychology and physiology studies have shown that

motion can help people for better face recognition.

188-213
[58] Choudhury A, Clarkson B, Jebara T, Penland A. Multimo-
dal person recognition using unconstrained audio and video//
Proceedings of the Conference on Audio- and Video-based
Biometric Person Authentication. Washington D. C, 1999.
176-180
[59] Zhang ZY, LiuZ C, Adler D, Cohen M F, Hanson E, Shan
Y. Robust and rapid generation of animated faces from video
images: A model-based modeling approach. International

Journal of Computer Vision, 2004, 58(2): 93-119
[60] Zhou X, Bhanu B. Integrating face and gait for human recog-
nition at a distance in video. IEEE Transactions on Systems,
Man and Cybernetics, Part B, 2007, 37(5). 1119-1137
[61] Jing XY, Yao Y F, Zhang D, Yang J Y, Li M. Face and
palmprint pixel level fusion and kernel DCV-RBF classifier
for small sample biometric recognition. Pattern Recognition,
2007, 40(11) . 3209-3324
[62] Yan Y, Zhang Y J. Multimodal biometrics fusion using cor-
relation filter bank//Proceedings of the 19th IAPR Interna-
tional Conference on Pattern Recognition. Tampa, 2008,

MoBT?7. 3(1-4)

ZHANG Yu-Jin, born in 1954, Ph.D., professor,
Ph. D. supervisor. His main research interests include image
engineering (image processing, image analysis, image under-
standing and technique application). http://www. ee. tsing-

hua. edu. cn/~zhangyujin/

During the past several years, many research efforts
have been concentrated on video-based face recognition.
Compared with still image-based face recognition, true video-
based face recognition algorithms that use both spatial and
temporal information started only a few years ago. No com-
prehensive survey in this field has been made, and a lot of is-
sues in video-based face recognition still have not been ad-
dressed well. So the content of this paper gives an overview
of the most existing methods in the field of video-based face
recognition. A suitable classification for different methods
has been made, the respective pros and cons of typical tech-
niques in each method group are analyzed. The important is-
sues which need to be solved, the prospects for future devel-
opment and some suggestions for further research works are

put forward to meet the goal of this paper.





